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Abstract

DocSem requires systems to answer quantita-
tive questions over document images while also
returning the evidence supporting each predic-
tion. We present Retrieve, Reason, Verify, a
modular system that separates document tran-
scription, evidence localization, numerical rea-
soning, deterministic execution, and selective
multi-model verification. Under controlled ev-
idence grounding on 217 validation instances,
Qwen3.8-Max achieves 98.62% Joint Exact Ac-
curacy. Combining Qwen3.8-Max and GPT-
5.6 Sol as independent solvers, with Gemini
3.1 Pro invoked only when their numerical
predictions disagree, improves validation per-
formance to 99.08%. On the 1,730-instance
hidden test set, which presents more challeng-
ing visual and grounding conditions, includ-
ing degraded document quality, non-uniform
evidence identifiers, and multiple plausible
evidence passages, the complete end-to-end
pipeline achieves 32.7% Joint Exact Accuracy.
A manual audit of 50 hidden-test instances
shows that the system-selected evidence dif-
fers from the manually identified evidence in
34 cases, whereas only two cases produce dif-
ferent numerical answers when the evidence
agrees. These observations suggest that, within
the audited sample, errors are concentrated
more strongly in document grounding than in
downstream numerical computation once the
relevant evidence has been established.

1 Introduction

Quantitative question answering over document
images requires more than extracting text and per-
forming arithmetic. Before numerical reasoning
can succeed, a system must identify the portion of
the document containing the relevant quantitative
scenario, recover that content accurately, preserve
its associated evidence identifier, and determine
the computation required by the query. Errors in-
troduced at any of these stages can invalidate an
otherwise correct numerical solution.

The DocSem shared task1 brings these chal-
lenges together in a single evaluation setting. Sys-
tems receive a PDF document and a paraphrased
query and must return both a numerical answer and
the visible document block identifiers supporting
that prediction. Queries may refer to the target sce-
nario only indirectly, while documents can contain
multiple numerical passages, repeated entities, vi-
sually degraded content, and administrative or con-
textual text with substantial lexical overlap. Conse-
quently, lexical similarity alone is often insufficient
for identifying the correct evidence. A success-
ful system must recover the document structure,
distinguish semantically relevant passages from
plausible distractors, and preserve the correspon-
dence between the selected evidence and the final
numerical prediction.

We address this problem with Retrieve, Reason,
Verify, a modular pipeline organized around a sepa-
ration between document grounding and numerical
computation. The grounding stage reconstructs the
document into identifier-preserving text blocks and
localizes the passage containing the complete quan-
titative scenario. The reasoning stage converts the
grounded problem into an executable arithmetic
expression, which is evaluated deterministically.
Multiple reasoning models are then combined se-
lectively, with an additional verifier invoked only
when their numerical predictions disagree. This
modular design enables numerical reasoning to be
evaluated independently of document-grounding
quality and facilitates stage-wise analysis of end-
to-end errors.

Our experiments reveal a substantial difference
between reasoning under fixed evidence and com-
plete end-to-end document processing. When the
relevant evidence is held constant, the strongest
evaluated reasoning models solve nearly all val-
idation instances correctly, and selective multi-

1https://docinsights-workshop.github.
io/docinsights-2026/shared-task/
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model adjudication further reduces residual errors.
End-to-end performance, however, is substantially
lower when the system must first recover the rel-
evant evidence from the document. A manual au-
dit of hidden-test predictions further indicates that,
within the inspected sample, discrepancies between
system predictions and manually derived solutions
occur substantially more often in evidence selec-
tion than in numerical reasoning when the same
evidence is identified. This distinction motivates
treating document grounding and numerical rea-
soning as separate sources of error rather than eval-
uating the system as a single opaque prediction
process.

Our main contributions are:
1. We propose Retrieve, Reason, Verify, a modular

architecture for quantitative document question
answering that explicitly separates document
grounding, numerical reasoning, deterministic
execution, and selective verification.

2. We evaluate multiple reasoning models under
controlled evidence grounding, enabling quan-
titative reasoning performance to be measured
independently of document-localization errors.

3. We provide a manual analysis of the complete
DocSem pipeline that distinguishes discrepan-
cies in evidence recovery from discrepancies in
downstream numerical reasoning and identifies
grounding as a major source of error within the
audited hidden-test sample.

2 Related Work

2.1 Document Question Answering

Document question answering requires models to
jointly exploit textual content and the visual struc-
ture of document images. DocVQA established
a benchmark for visual question answering over
documents, emphasizing the importance of reason-
ing over document content beyond plain-text ex-
traction (Mathew et al., 2021). Subsequent work
has increasingly incorporated multimodal repre-
sentations of text, layout, and visual appearance.
LayoutLMv3 jointly models textual and visual in-
formation through unified multimodal pre-training
(Huang et al., 2022), while Donut adopts an OCR-
free formulation that maps document images di-
rectly to structured outputs (Kim et al., 2022).

These approaches primarily address the recov-
ery and interpretation of document content. Doc-
Sem introduces an additional requirement of ev-
idence attribution, whereby the predicted answer

must be associated with the correct evidence identi-
fier. Document processing must therefore preserve
the correspondence between textual content and
its original document-level identifier. Our system
maintains this association during reconstruction by
representing the document as identifier-preserving
text blocks prior to evidence localization and nu-
merical reasoning.

2.2 Numerical Reasoning and Program
Execution

Numerical reasoning over documents has been
studied in settings that combine evidence retrieval
with multi-step computation. FinQA evaluates nu-
merical question answering over financial reports,
where systems must identify relevant facts and com-
pose executable reasoning programs (Chen et al.,
2021). TAT-QA extends this setting to hybrid evi-
dence distributed across textual passages and tables
(Zhu et al., 2021). These benchmarks demonstrate
that numerical question answering depends jointly
on accurate evidence selection and reliable execu-
tion of the required computation.

A related line of work separates language-based
reasoning from numerical execution. PAL prompts
language models to generate executable programs
and delegates the resulting computation to a Python
interpreter (Gao et al., 2023). Program of Thoughts
similarly externalizes arithmetic operations into ex-
ecutable reasoning steps rather than relying on im-
plicit calculation within the language model (Chen
et al., 2023). Our system follows this general
paradigm by deriving a constrained arithmetic ex-
pression from localized evidence and evaluating it
deterministically. This separation enables errors
arising from evidence selection, reasoning formu-
lation, and numerical execution to be examined
independently.

2.3 Reasoning Robustness and Verification
The reliability of numerical reasoning can be af-
fected by irrelevant, distracting, or semantically
similar context. Shi et al. demonstrate that irrele-
vant information can substantially degrade mathe-
matical reasoning performance, particularly when
distractors appear plausible with respect to the
query (Shi et al., 2023). GSM-SEM further ex-
amines the sensitivity of mathematical reasoning
systems to meaning-preserving semantic variation
(Singh et al., 2026). These findings are relevant to
document-level quantitative reasoning, where mul-
tiple passages may contain overlapping entities or
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numerical information even though only one pro-
vides the complete evidence required to answer the
query.

Prior work has also explored inference-time ag-
gregation as a mechanism for improving reasoning
reliability. Self-consistency samples multiple rea-
soning trajectories from the same model and selects
the final answer based on agreement across the re-
sulting solutions (Wang et al., 2023). In contrast,
our system obtains independent predictions from
distinct reasoning models and performs additional
verification only when their numerical outputs dis-
agree. This disagreement-triggered strategy con-
centrates additional reasoning effort on uncertain
instances while avoiding an additional verification
step when the primary solvers already agree.

3 System Description

Given a PDF document and a query, the system pre-
dicts a numerical answer together with the identifier
of the supporting evidence. Figure 1 provides an
overview of the architecture. The pipeline first re-
constructs the document into identifier-preserving
text blocks and then localizes the passage contain-
ing the relevant quantitative scenario. From the
localized evidence, a reasoning model derives an
executable arithmetic expression, which is evalu-
ated deterministically. Independent solvers operate
over the same grounded input, and disagreement
cases are routed to a separate verifier.

Throughout the paper, we use grounding to refer
collectively to document reconstruction and evi-
dence localization. Transcription recovers textual
content from the document image, reconstruction
associates that content with document-level iden-
tifiers, localization selects the evidence required
for the target problem, and reasoning derives the
corresponding computation.

3.1 Core Pipeline
The core pipeline is designed to separate document
grounding from numerical reasoning while preserv-
ing the correspondence between the selected evi-
dence and the final prediction.

Document Reconstruction Each PDF page is
rendered with PyMuPDF at 150–200 DPI and tran-
scribed using PaddleOCR with PP-OCRv6 (Pad-
dlePaddle, 2026). Because the validation docu-
ments are visually high quality, this rendering reso-
lution is sufficient to preserve textual and numeri-
cal content without requiring higher-resolution pro-

cessing. The OCR output is segmented into text
blocks while retaining the evidence identifier as-
sociated with each passage. The resulting repre-
sentation contains both the reconstructed document
content and the set of valid identifiers required by
the subsequent localization stage.

Evidence Localization Given the query, recon-
structed text blocks, and valid evidence identifiers,
Qwen2.5-7B-Instruct identifies the smallest evi-
dence set containing the complete quantitative sce-
nario. The model additionally extracts the math-
ematical question expressed within the selected
passage. Separating passage selection from ques-
tion extraction is useful when the user query refers
to the target scenario indirectly or does not repro-
duce the wording of the underlying quantitative
problem.

Quantitative Reasoning The reasoning model
receives the localized evidence, extracted mathe-
matical question, and original user query. It first
identifies the target quantity and the numerical
values, units, and relationships required for the
computation and subsequently produces a Python-
compatible arithmetic expression. The reasoning
prompt explicitly accounts for unit conversion, per-
centage interpretation, comparison direction, omit-
ted or duplicated quantities, and irrelevant numeri-
cal information. Constraining the solver to produce
an executable expression separates semantic rea-
soning from the final arithmetic evaluation.

Deterministic Execution Following prior work
on program-aided numerical reasoning (Gao et al.,
2023; Chen et al., 2023), the generated expres-
sion is evaluated using a restricted Abstract Syntax
Tree (AST)-based Python executor. The execu-
tor permits standard arithmetic operators, unary
operations, and a predefined set of numerical func-
tions while rejecting unsupported constructs. Mal-
formed or unparsable expressions trigger up to two
structured-output recovery attempts before the in-
stance is treated as an execution failure. This design
avoids relying on the language model to perform
the final arithmetic operation internally.

Selective Multi-Model Verification Two reason-
ing models independently solve the same grounded
problem. Their numerical outputs are normalized
to a common representation and compared directly.
Predictions with identical normalized values are
accepted without additional verification. When the
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Figure 1: Overview of the proposed Retrieve, Reason, Verify pipeline. The document is reconstructed while
preserving evidence identifiers, the relevant quantitative passage is localized, independent reasoning models derive
executable computations, and disagreement cases are routed to a separate verifier.

predictions disagree, a separate verifier receives
the localized evidence and both candidate deriva-
tions and independently reconstructs the required
computation. Verification is therefore restricted to
disagreement cases, concentrating additional rea-
soning capacity on instances for which the primary
solvers do not reach the same result.

3.2 Hidden-Test Adaptations
The hidden-test setting presents additional chal-
lenges at the document-processing stage. Although
reference answers and evidence annotations are
unavailable, the input documents exhibit visual
and formatting characteristics that differ from the
validation data, including degraded text quality,
compression artifacts, and non-uniform evidence
identifiers. We therefore adapt the transcription
and localization components using only observable
properties of the unlabeled test documents. The in-
terfaces among grounding, reasoning, deterministic
execution, and verification remain unchanged.

Visual Transcription For hidden-test docu-
ments, we replace the OCR-based transcription
used during validation with Qwen3.5-2B. Qualita-
tive inspection of the unlabeled hidden-test docu-
ments indicated that conventional OCR pipelines,
including PaddleOCR and Tesseract, were less re-
liable for low-contrast text and irregular identifier
strings. We therefore use a vision-language model
for transcription and instruct it to reproduce visible
document content without normalizing capitaliza-
tion, punctuation, numerical values, or identifier
strings.

Format-Agnostic Block Reconstruction Unlike
the validation data, hidden-test evidence identifiers

do not follow a consistent prefix, length, or char-
acter pattern. The reconstruction stage therefore
avoids imposing a predefined identifier format. In-
stead, the complete string preceding the first colon
of each detected block is retained as the evidence
identifier. Visually similar characters are preserved
without normalization in order to maintain the doc-
ument representation as faithfully as possible.

Evidence Localization The hidden-test localizer
receives the reconstructed document and identi-
fies the passage containing the target quantitative
scenario. The predicted identifier is subsequently
checked against the identifier set extracted dur-
ing reconstruction. If the predicted identifier is
invalid, localization is repeated while restricting
the model to valid candidates, for at most two addi-
tional attempts. This constraint reduces identifier-
formatting errors without modifying the underlying
document content.

Reasoning and Adjudication Once evidence
has been localized, two independent solvers de-
rive the numerical solution from the same grounded
input. Predictions with identical normalized numer-
ical values are accepted directly. For disagreement
cases, a separate adjudicator receives the localized
evidence together with both candidate derivations
and independently reconstructs the final compu-
tation. The hidden-test system therefore retains
the same disagreement-driven verification strategy
while adapting the transcription and localization
components to the observed test-time document
conditions.
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4 Experimental Setup

4.1 Evaluation Protocol
Prompt templates, document-processing rules, and
pipeline design choices are developed using the 908
labeled DocSem training instances. The 217 valida-
tion instances are held out from this development
process and subsequently used for comparison of
quantitative reasoning configurations. To decou-
ple numerical reasoning from document-grounding
errors, every validation solver receives the same lo-
calized evidence and extracted mathematical ques-
tion. We refer to this setting as controlled evidence
grounding.

The hidden test set contains 1,730 instances and
is evaluated through the official shared-task frame-
work. In contrast to controlled validation, hidden-
test evaluation measures the complete end-to-end
pipeline, including document transcription, recon-
struction, evidence localization, numerical reason-
ing, and evidence prediction.

The two settings therefore evaluate complemen-
tary aspects of the system. Controlled valida-
tion measures reasoning performance conditional
on fixed grounding, whereas hidden-test evalua-
tion measures the effectiveness of the complete
document-processing and reasoning pipeline.

4.2 Models and Configurations
We evaluate Grok 4.6 Fast, Gemini 3.1 Pro,
Qwen3.7-Plus, Qwen3.8-Max, DeepSeek-R1-
Distill-Qwen-32B, DeepSeek-R1, GPT-5.6 Sol,
Claude Sonnet 5, and Kimi K2.5 Instant as quantita-
tive reasoning models. Complete model references,
stage assignments, and inference configurations are
provided in Appendix A.

Grok 4.6 Fast is evaluated with both the ini-
tial and refined reasoning prompts, while Claude
Sonnet 5 is evaluated under medium and higher
reasoning-effort configurations. All remaining
models use the refined structured reasoning prompt.
The validation set is used to compare reasoning-
model configurations after prompt and pipeline de-
velopment on the training data.

The strongest validation configuration combines
Qwen3.8-Max and GPT-5.6 Sol as independent
solvers, with Gemini 3.1 Pro invoked only when
their numerical predictions disagree. For the fi-
nal hidden-test system, GPT-5.6 Sol and Gemini
3.1 Pro serve as the independent solvers, while
Claude Sonnet 5 performs disagreement adjudica-
tion. Complete model and inference details are

provided in Appendix A.

4.3 Prompting Strategy
Evidence localization and numerical reasoning are
handled using separate prompt templates. The lo-
calization prompt instructs the model to identify
the minimal evidence required to reconstruct the
complete quantitative scenario rather than selecting
passages solely on the basis of lexical similarity to
the query. The localizer is explicitly restricted to
evidence selection and does not perform the numer-
ical computation.

The reasoning prompt requires the solver to iden-
tify the target quantity and the numerical relations
necessary to answer the question before producing
an executable arithmetic expression. The prompt
additionally checks for unit consistency, percentage
interpretation, comparison direction, duplicated
quantities, and unsupported numerical values.

The adjudication prompt is designed to evalu-
ate the underlying computation rather than select
an answer according to model identity or majority
preference. Given the grounded evidence and com-
peting derivations, the adjudicator independently
reconstructs the required calculation and may reject
both candidate solutions when neither is supported
by the evidence. Full prompt templates are pro-
vided in Appendix B.

4.4 Numerical Agreement and Execution
Before solver outputs are compared, numerical an-
swers are converted to a common normalized rep-
resentation using the same procedure throughout
validation and hidden-test inference. Two predic-
tions are considered to agree when their normalized
numerical values are identical. Disagreement trig-
gers the additional verification stage described in
Section 3.

Expressions produced by the reasoning mod-
els are evaluated exclusively through the restricted
AST-based executor. Invalid expressions are not
evaluated directly and instead follow the structured-
output recovery procedure, with at most two recov-
ery attempts. This separation ensures that compar-
isons across reasoning models primarily reflect dif-
ferences in problem interpretation and expression
construction rather than differences in arithmetic
execution.

4.5 Evaluation Metrics
We report the official DocSem metrics: Answer
Exact Accuracy, Evidence F1 (macro), and Joint
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Model Joint Exact Acc. (%)

Grok 4.6 (Fast, initial) 89.86
Qwen3.7-Plus 89.86
DeepSeek-R1-Distill-Qwen-32B 90.78
Kimi K2.5 (Instant) 96.31
Grok 4.6 (Fast, refined) 97.24
Gemini 3.1 Pro 97.24
Claude Sonnet 5 (medium) 97.24
Claude Sonnet 5 (higher) 97.70
GPT-5.6 Sol 98.16
DeepSeek-R1 (671B) 98.16
Qwen3.8-Max 98.62

Table 1: Performance of individual reasoning models on
the 217 validation instances under controlled evidence
grounding. Evidence is fixed and correct across configu-
rations; consequently, Evidence F1 is 100% and Answer
Exact Accuracy equals Joint Exact Accuracy.

Exact Accuracy.
Answer Exact Accuracy measures the propor-

tion of instances for which the normalized pre-
dicted answer exactly matches the reference an-
swer. For each task instance, evidence precision
and recall are computed using set overlap between
the predicted and reference evidence sets, and their
harmonic mean gives the instance-level evidence
F1. Evidence F1 (macro) is obtained by macro-
averaging these scores across all instances, allow-
ing partial credit when the predicted evidence set
partially overlaps with the reference evidence.

Joint Exact Accuracy requires both the numer-
ical answer and the complete evidence set to be
correct for the same instance. We use Joint Exact
Accuracy as the primary metric because it directly
captures the joint requirement of correct numerical
reasoning and exact evidence attribution.

5 Results

5.1 Validation Model Comparison
Table 1 reports the performance of individual rea-
soning models on all 217 validation instances under
controlled evidence grounding. Because the same
correct evidence is supplied to every solver in this
setting, Evidence F1 is 100% across runs, and An-
swer Exact Accuracy therefore coincides with Joint
Exact Accuracy. We consequently report Joint Ex-
act Accuracy as the single summary measure for
the validation reasoning comparison.

Qwen3.8-Max achieves the highest single-model
Joint Exact Accuracy at 98.62%, corresponding to
214 of 217 validation instances. GPT-5.6 Sol and
DeepSeek-R1 each achieve 98.16%, followed by
Claude Sonnet 5 with higher reasoning effort at

Configuration Joint Exact Acc. (%)

Qwen3.8-Max 98.62
GPT-5.6 Sol 98.16
Qwen + GPT + Gemini adjudication 99.08

Table 2: Validation performance of disagreement-based
multi-model adjudication under controlled evidence
grounding.

97.70%. The relatively small differences among
the strongest models indicate that several evaluated
solvers achieve comparable performance once the
relevant evidence has been fixed.

5.2 Prompting and Reasoning Analysis

Prompt refinement has a substantial effect on Grok
4.6 Fast. The initial prompt achieves 89.86% Joint
Exact Accuracy, whereas the refined structured
prompt reaches 97.24%, an improvement of 7.38
percentage points.

The refined prompt introduces an explicit decom-
position step before expression generation. The
solver first identifies the target quantity, relevant
values and units, dependencies among quantities,
and potential distractors. It then verifies common
sources of error, including percentage interpreta-
tion, comparison direction, unit conversion, and
omitted or duplicated quantities, before producing
the executable expression.

The resulting expression is evaluated separately
by the restricted Python executor. This design as-
signs semantic interpretation and computation for-
mulation to the reasoning model while keeping the
final arithmetic evaluation deterministic. The im-
provement observed for Grok 4.6 Fast demonstrates
that, in this setting, structured decomposition can
substantially improve reasoning performance even
when the underlying model and grounded evidence
remain unchanged.

5.3 Multi-Model Adjudication

We next examine whether the residual errors
of strong individual solvers are complementary.
Qwen3.8-Max and GPT-5.6 Sol independently
solve each validation instance using identical
grounded evidence. Gemini 3.1 Pro is invoked
only when their normalized numerical predictions
disagree.

The adjudicated configuration achieves 99.08%
Joint Exact Accuracy, corresponding to 215 of 217
validation instances and recovering one additional
instance relative to the strongest individual solver.
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This improvement indicates that the remaining er-
rors of Qwen3.8-Max and GPT-5.6 Sol are not fully
overlapping and that disagreement-based verifica-
tion can resolve a subset of residual reasoning er-
rors.

The improvement is modest in absolute terms,
increasing Joint Exact Accuracy by 0.46 percent-
age points, and disagreement cases require an addi-
tional model invocation. Selective adjudication lim-
its this additional inference cost to cases in which
the primary solvers disagree, rather than applying
verification uniformly to all instances.

5.4 Hidden-Test Performance

The final end-to-end system achieves 32.7% Joint
Exact Accuracy on the 1,730-instance hidden test
set. The hidden-test evaluation reports only Joint
Exact Accuracy; separate Answer Exact Accuracy
and Evidence F1 scores are not available for this
split.

Unlike the controlled validation setting, this
score incorporates errors from visual transcription,
block reconstruction, evidence localization, exact
identifier recovery, and numerical reasoning. The
hidden-test result should therefore not be inter-
preted as a direct measure of reasoning degrada-
tion relative to validation. Instead, it reflects the
combined performance of the complete document-
processing and reasoning pipeline.

6 Manual Error Analysis

To investigate the sources of hidden-test error,
we manually solve 50 instances from the 1,730-
instance test set and compare the resulting evidence
selections and numerical answers with the predic-
tions produced by our system. For each instance,
we inspect the corresponding document passages
and determine the relevant quantitative problem,
supporting evidence, and numerical solution di-
rectly from the document. Numerically equivalent
answer representations are treated as agreement.
Because this analysis covers only a subset of the
hidden test set and relies on manual assessment
rather than organizer-provided reference labels, the
resulting counts are intended to characterize recur-
ring failure modes rather than estimate the exact
error distribution of the complete test set.

6.1 Grounding and Identifier Errors

Manual inspection reveals two recurring challenges
in the document-grounding stage.

Visible identifier: 1418 → Transcription: 14I8

Visible identifier: G&64 → Transcription: G864

Figure 2: Representative identifier-transcription errors
from the hidden test set. Although the surrounding
passage remains largely readable, a local character-level
transcription error changes the evidence identifier and
can therefore affect exact evidence matching.

First, supporting passages are associated with
opaque evidence identifiers rather than predictable
labels such as b01. These identifiers may contain
arbitrary combinations of letters, digits, capitaliza-
tion, and punctuation, while exact evidence evalua-
tion requires the predicted identifier to match the
expected string.

Evidence recovery is therefore sensitive to local-
ized transcription errors. Figure 2 illustrates two
representative cases. In both examples, most of the
surrounding passage is transcribed correctly, but a
single character-level error changes the predicted
evidence identifier. Because opaque identifiers pro-
vide little semantic redundancy, the surrounding
passage often provides insufficient information to
reconstruct an incorrectly recognized character.

Second, individual documents frequently con-
tain multiple passages that are superficially rele-
vant to the query. Administrative text may reuse
query terms, while separate case descriptions may
mention the same entities or contain similar numer-
ical information. Evidence localization therefore
requires identifying the passage that fully specifies
the target quantitative scenario rather than relying
primarily on lexical overlap.

This observation is consistent with prior findings
that semantically plausible distractors can affect
language-model reasoning (Shi et al., 2023). In the
DocSem setting, however, an incorrect localization
decision has an additional consequence: it changes
the quantitative problem subsequently presented to
the reasoning model.

6.2 Evidence and Answer Errors

Table 3 summarizes the relationship between the
system predictions and manually derived solutions
across the 50 inspected instances.

The system-selected evidence differs from the
manually identified evidence in 34 of the 50 in-
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System prediction vs. manual solution Count

Same evidence, same numerical answer 14
Different evidence, same numerical answer 6
Same evidence, different numerical answer 2
Different evidence, different numerical answer 28

Total 50

Table 3: Comparison between system predictions
and manually derived solutions for 50 hidden-test in-
stances. Numerically equivalent answer representations
are treated as agreement.

spected instances. The largest category consists of
28 cases in which both the evidence and numerical
answer differ. Manual inspection reveals a recur-
ring pattern in which the system localizes a dif-
ferent quantitative passage from the one identified
during manual analysis and subsequently solves the
problem contained in that passage. In these cases,
the numerical disagreement appears to originate
upstream from evidence localization rather than
from arithmetic reasoning over the same evidence.

For example, in one inspected instance, the sys-
tem selects evidence E77 and produces an answer
of 3650, whereas manual analysis identifies evi-
dence B74 and yields 346. The identifiers corre-
spond to different quantitative passages in the same
document, illustrating how an incorrect localiza-
tion decision can determine the numerical problem
subsequently presented to the solver.

A further six instances produce numerically
equivalent answers despite differences between the
system-selected and manually identified evidence.
These cases include identifier-transcription differ-
ences as well as instances in which distinct can-
didate passages yield the same numerical result.
Such examples demonstrate why answer accuracy
alone does not fully characterize performance on a
task that jointly evaluates numerical prediction and
evidence attribution.

Only two of the 50 inspected instances produce
different numerical answers when the system and
manual analysis identify the same evidence. Within
the audited sample, numerical prediction is there-
fore substantially more stable once grounding has
been fixed. This observation is consistent with the
high reasoning accuracy obtained under controlled
evidence grounding, although the limited audit size
and absence of organizer-provided hidden-test la-
bels prevent conclusions about the exact error dis-
tribution of the complete test set.

Taken together, the audit suggests a stage-wise

pattern of error propagation. Evidence localiza-
tion determines which quantitative problem is pre-
sented to the solver, identifier recovery determines
whether the supporting evidence is represented cor-
rectly for evaluation, and numerical reasoning oper-
ates only after these grounding decisions have been
made. Within the inspected sample, errors in the
upstream grounding stages are substantially more
frequent than numerical errors when the relevant
evidence has already been identified.

7 Discussion and Future Directions

The manual analysis suggests that further improve-
ments may benefit from targeting the document-
grounding stages of the pipeline. In particular, the
audited examples expose a coupling between se-
mantic evidence localization and exact identifier
recovery: a system may identify the relevant pas-
sage while still failing evidence evaluation because
the associated identifier is transcribed incorrectly.
The following directions could reduce this depen-
dency.

Region-Based Grounding Evidence localization
need not depend on first recovering an opaque tex-
tual identifier. A system could instead preserve the
spatial coordinates of detected text blocks and per-
form localization directly over document regions.
The identifier associated with the selected region
would then be recovered only when constructing
the final prediction. Such a design would decou-
ple semantic passage selection from identifier tran-
scription and reduce the effect of character-level
recognition errors on evidence localization.

Constrained Identifier Recovery The evidence
identifiers appearing within a document constitute
a finite candidate set. When identifier transcription
is uncertain, a predicted string could therefore be
reconciled against the observed candidates using
character-level similarity, edit distance, or recog-
nition confidence. This correction would operate
only over identifiers already present in the docu-
ment, preserving the requirement that the final out-
put contain the exact canonical identifier expected
by the evaluator.

Direct Visual Grounding An alternative is to re-
duce dependence on full-document transcription al-
together. OCR-free document-understanding mod-
els such as Donut operate directly on visual docu-
ment representations (Kim et al., 2022). A future
DocSem system could first localize the relevant
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page region using a vision-language model and
subsequently transcribe only the selected evidence.
This approach could limit error propagation from
irrelevant or visually degraded regions of the docu-
ment.

Grounding Verification The current verification
stage operates after numerical reasoning, whereas
the audit indicates that many observed errors arise
earlier in the pipeline. A complementary grounding
verifier could assess whether the selected passage
contains all quantities, entities, and relationships
required by the query before invoking the numer-
ical solver. Disagreement between independently
generated localization predictions could provide a
natural trigger for this additional verification step.

Overall, these directions suggest shifting part of
the verification effort from downstream numerical
reasoning toward upstream document grounding.
Such changes would preserve the modular struc-
ture of Retrieve, Reason, Verify while addressing
the failure modes most frequently observed in the
audited hidden-test examples.

8 Conclusion

We presented Retrieve, Reason, Verify, a modular
system for document-grounded quantitative ques-
tion answering that separates document ground-
ing, numerical reasoning, deterministic execution,
and selective multi-model verification. Under con-
trolled evidence grounding, the strongest individ-
ual solver achieves 98.62% Joint Exact Accuracy,
while disagreement-based adjudication improves
performance to 99.08%.

The complete end-to-end system achieves 32.7%
Joint Exact Accuracy on the 1,730-instance hid-
den test set. A manual audit of 50 test instances
reveals substantially greater error in evidence se-
lection than in numerical reasoning once the evi-
dence is fixed: the system-selected evidence differs
from the manually identified evidence in 34 cases,
whereas only two cases produce different numeri-
cal answers when the evidence agrees.

These findings highlight an important distinction
between reasoning accuracy under fixed grounding
and reliability in end-to-end document processing.
Within the audited sample, numerical reasoning
is comparatively stable once the relevant evidence
has been established, while transcription, passage
localization, and exact identifier recovery introduce
substantially more error. The results therefore mo-
tivate treating document grounding and numerical

reasoning as separate components when design-
ing and evaluating quantitative document question
answering systems.

9 Limitations

Our analysis has several limitations. First, the
hidden-test error analysis is based on 50 manu-
ally solved instances from a total of 1,730. The
resulting counts are intended to identify recurring
failure patterns and should not be interpreted as
estimates of the exact error distribution over the
complete hidden test set.

Second, organizer-provided reference answers
and intermediate annotations are unavailable for
the hidden test. The audit therefore relies on man-
ual interpretation of the documents as a diagnostic
reference. Although this enables qualitative com-
parison of system predictions with manually de-
rived solutions, manual judgments may themselves
be subject to interpretation and do not constitute
official ground-truth annotations.

Third, the validation and hidden-test configura-
tions use different transcription and localization
models in response to observable differences in
document quality and identifier formatting. The
current experiments do not isolate the contribu-
tion of each adaptation independently. Controlled
component-level ablations would be required to
quantify the effects of visual transcription, passage
localization, identifier recovery, and verification
separately.

Fourth, the final pipeline relies on several propri-
etary reasoning models. Exact reproduction may
therefore depend on continued access to the corre-
sponding model versions, provider interfaces, and
inference configurations. Although the determin-
istic execution procedure and overall modular ar-
chitecture are model-independent, changes to pro-
prietary systems may affect exact numerical repro-
ducibility.

Finally, the observed failure patterns are specific
to the DocSem setting. Datasets with cleaner doc-
ument images, standardized evidence identifiers,
fewer semantically similar passages, or different
evidence-evaluation protocols may exhibit a dif-
ferent balance between grounding and numerical
reasoning errors. Further evaluation on additional
document question answering benchmarks would
be necessary to determine how broadly these find-
ings generalize.
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A Model and Prompt Details

A.1 Model Configurations
Table 4 summarizes the models used in the valida-
tion experiments and final hidden-test pipeline.

The strongest validation configuration uses
Qwen3.8-Max and GPT-5.6 Sol with Gemini 3.1
Pro for disagreement adjudication. The final test
system uses GPT-5.6 Sol and Gemini 3.1 Pro as
independent solvers, with Claude Sonnet 5 as the
adjudicator.

B Prompt Templates

This appendix provides the prompt templates used
for the main model-based components of our
pipeline. Dynamic inputs are represented using
braces.

B.1 Evidence Localization Prompt

Evidence Localization Prompt

You are given a user query and a document divided into
blocks with valid block identifiers.
Identify the smallest set of document blocks containing
the complete quantitative problem relevant to the user
query.
The user query may describe the desired information indi-
rectly and may overlap lexically with unrelated passages.
Treat it as a semantic retrieval cue rather than selecting
evidence based only on shared words.
Do not solve the quantitative problem.
Select only the evidence required to reconstruct and solve
the relevant problem. Every selected identifier must ex-
actly match one of the provided valid identifiers.
Also extract the mathematical question stated in the se-
lected evidence.
User query: {user_query}
Valid identifiers: {valid_ids}
Document blocks: {document_blocks}
Return the selected evidence identifiers and extracted
mathematical question in the required structured format.

B.2 Quantitative Reasoning Prompt
Quantitative Reasoning Prompt

Solve the quantitative problem using only the provided
evidence.
Identify the requested quantity, all relevant numerical val-
ues and units, and the mathematical relationships required
to compute the answer.
Before returning the final result, verify that:
• all required quantities are included;
• irrelevant quantities are excluded;
• units are consistent or correctly converted;
• percentages and percentage-point differences are dis-

tinguished;
• the direction of comparisons is correct;
• repeated or grouped quantities are handled correctly;

and
• every quantity used in the calculation is supported by

the evidence.

Original user query: {user_query}
Mathematical question: {target_question}
Evidence: {evidence}
Return the result in the required structured format to-
gether with an explicit Python-compatible arithmetic ex-
pression.

B.3 Visual Transcription Prompt

Visual Transcription Prompt

Transcribe all visible document content faithfully.
Preserve the text exactly as visible, including capitaliza-
tion, numerical values, punctuation, colons, line breaks,
and block identifiers.
Do not summarize, paraphrase, explain, repair, or normal-
ize the document text.
In particular, do not normalize visually similar characters
in block identifiers. Reproduce each identifier exactly as
it appears in the document.
Do not add Markdown formatting or commentary.
Return only the document transcription.

B.4 Evidence Identifier Correction Prompt

Evidence Identifier Correction Prompt

One or more selected evidence identifiers are invalid.
Select the supporting evidence again using only the valid
identifiers provided below. Copy identifiers exactly as
provided and do not modify, normalize, shorten, or recon-
struct them.
The selected evidence must contain the complete quanti-
tative problem relevant to the user query.
Valid identifiers: {valid_ids}
User query: {user_query}
Document blocks: {document_blocks}
Return valid evidence identifiers together with the ex-
tracted mathematical question in the required structured
format.

B.5 Disagreement Adjudication Prompt

Disagreement Adjudication Prompt

Independently verify the quantitative problem using the
provided evidence.
Do not select an answer based on the identity of a solver
or its aggregate performance. Reconstruct the required
computation directly from the evidence.
Check the requested quantity, relevant numerical values,
units, calculation direction, and arithmetic in both candi-
date solutions.
If one candidate is correct, return that answer. If nei-
ther candidate is correct, independently derive the correct
answer from the evidence.
Mathematical question: {target_question}
Evidence: {evidence}
Candidate solution 1: {candidate_1}
Candidate solution 2: {candidate_2}
Return the verified final answer in the required structured
format.
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Stage Model / Configuration Role
Validation OCR PaddleOCR (PP-OCRv6) (PaddlePaddle, 2026) Document transcription
Validation localization Qwen2.5-7B-Instruct (Yang et al., 2024) Evidence localization
Validation reasoning Grok 4.6 (Fast) (xAI, 2026) Quantitative reasoning
Validation reasoning Gemini 3.1 Pro (Google, 2026) Quantitative reasoning
Validation reasoning Qwen3.7-Plus (Qwen Team, 2026b) Quantitative reasoning
Validation reasoning Qwen3.8-Max (Qwen Team, 2026c) Quantitative reasoning
Validation reasoning DeepSeek-R1-Distill-Qwen-32B (DeepSeek-AI, 2025) Quantitative reasoning
Validation reasoning DeepSeek-R1 (671B) (DeepSeek-AI, 2025) Quantitative reasoning
Validation reasoning GPT-5.6 Sol (OpenAI, 2026) Quantitative reasoning
Validation reasoning Claude Sonnet 5 (Anthropic, 2026) Quantitative reasoning
Validation reasoning Kimi K2.5 (Instant) (Moonshot AI, 2026) Quantitative reasoning
Validation ensemble Qwen3.8-Max + GPT-5.6 Sol Independent solvers
Validation adjudication Gemini 3.1 Pro Disagreement adjudication
Test transcription Qwen3.5-2B (Qwen Team, 2026a) Visual transcription
Test localization Qwen3.5-27B (Qwen Team, 2026a) Evidence localization
Test reasoning GPT-5.6 Sol + Gemini 3.1 Pro Independent solvers
Test adjudication Claude Sonnet 5 Disagreement adjudication

Table 4: Models used in the validation experiments and final hidden-test pipeline. Citations refer to the corresponding
model release, model card, or official provider documentation.

B.6 Structured-Output Recovery Prompt
Structured-Output Recovery Prompt

Your previous response could not be parsed or contained
an invalid final expression.
Re-evaluate the provided evidence and return a complete
response in the required structured format.
Do not omit any required field. The arithmetic expres-
sion must be complete, numerical, and executable by the
restricted Python evaluator.
Return only the corrected structured response.
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